Abstract -A novel fault-tolerant control method for autonomous mobile robot is proposed in this paper. The actuator effectiveness factors (AEFs) are introduced into the dynamics equation of mobile robot. The Unscented Kalman Filter (UKF) is employed for real time estimation of both the motion states and the AEFs. Such an active estimation is further incorporated into inverse dynamics control (IDC). The IDC enhanced by real time AEF feedback can achieve a robust tracking performance even with the occurrence of actuator failures. Extensive simulations are conducted with respect to the dynamics of a developed omnidirectional mobile robot to verify the proposed scheme. The convergence of UKF-based estimation is presented in the presence of both noise-corrupted sensory data and rapidly changing states/ AEFs. Performance of the IDC enhanced by the active estimation is also compared with that of the normal IDC based on fixed dynamics, to demonstrate the improvements of the proposed control scheme.
I. INTRODUCTION
Over the last two decades, the growing demand for reliability, survivability and affordability has drawn significant researches in fault tolerant control of autonomous mobile robot. Faults may result in mission failures. In situations where there are partial failures and degradation in some components, one may envision the robot operating at lower efficiencies, or even completing parts of the entire mission with a smaller set of available resources rather than aborting the mission. To achieve this, we need real time fault modeling and fault-tolerant control system, with which the mobile robot can continue to operate in spite of the occurrence of faults.
Fault tolerant control has the ability to accommodate system failures autonomously and to maintain overall system stability and acceptable performance in the presence of component faults. Generally, fault tolerant control can be classified into two types: passive and active [1] . Passive method designs a controller with fixed parameters according to the priori knowledge about the worst situations which the system might meet. Such a design usually makes the controller unnecessarily conservative and also results in a limited fault tolerant capability. The active one, on the other hand, tries to estimate fault information in real time and explicitly integrate the active fault model into the so called reconfigurable or adaptive control. However, most of the existed active fault-tolerant methods, such as linear quadratic regulator [2] , eigen-structure assignment [3] , and pseudo-inverse [4] , are only applicable to linear system. For nonlinear dynamics, which most of mobile platforms possess, the main challenge exists in the online failure modeling and control integration of the active model. Neural Networks based control algorithms have been proposed as one of the most effective approaches for nonlinear fault-tolerant control in 1990s [5, 6] . However the problems involved in NN, such as training data selection, online convergence, robustness, reliability and real-time implementation, limit its extensive application in real systems.
In recent years, the encouraging achievement from sequential estimation makes it becoming an important direction for online modeling and model-reference control [7] . The classical state estimator for nonlinear system is the extended Kalman Filter (EKF). Although widely used, EKF has some deficiencies, mainly due to its linearizing the nonlinear dynamics. First, it requires that the nonlinear dynamics are sufficiently differentiable (i.e. the Jacobians exist). Second, the truncation errors of the first-order Tayler series expansion will lead to bias and even divergence under large initial errors and strong nonlinearity. UKF, on the other hand, uses the nonlinear model directly instead of linearizing it [8] . The UKF has the same computational complexity with the EKF, both of which are within the order of O(L 3 ). Since the nonlinear models are used without linearization, the UKF does not need to calculate Jacobians or Hessians and can achieve the second-order accuracy (the accuracy of EKF is first-order). Therefore, UKF is well suited for online application in systems with fast dynamics.
In this paper, the actuator effectiveness factors are introduced into the nonlinear dynamics of mobile robot, and an active model based fault tolerant control is further proposed. The UKF is used to estimate the AEFs in real time. The active failure model is further integrated into the normal IDC to enhance it with the ability of reconfiguring itself adaptively according to the current failure information. Extensive simulations are conducted with respect to the dynamics of a developed omni-directional mobile robot to verify the proposed scheme.
II. ACTUATOR FAILURE MODEL
The differential equation governing the dynamics of a robot under the assumption of ideal rigid body can be described as:
where M(q) is a n n inertia matrix, ) , (h is a 1 n vector containing the centripetal and Coriolis terms, the gravity terms and uncertainties such as friction; q and u are 1 n vectors of the system state and input torque, respectively.
By integrating the actuator failures, the system model of (1) can be written as:
is the extended input vector including AEFs. D(u) is defined as below: partial loss of the actuator ability. This actuator fault modeling has unique advantages over some existing techniques where only either normal or complete loss has been considered [9] .
III. UKF-BASED JOINT ESTIMATION

A. UKF of nonlinear system
Instead of propagating the Gaussian variables through the first-order linearization of nonlinear model as EKF does, the UKF uses the nonlinear model directly by means of Unscented Transformation (UT). The UT approximates the state distribution with a finite set of points, named sigma points (shown in Fig.1 ). The sigma points are calculated from the a priori mean and covariance.
Let x denote a n-dimension stochastic variable with the mean of x and the covariance of x P . The UT propagates x through a nonlinear function y=f(x) to calculate the mean ( y ) and covariance ( y P ) of the output y. The UT includes the following steps (also shown in Fig.1 ). Definition of Sigma Points: The distribution of x is approximated by a finite set of points named sigma points. The sigma points are calculated from the a priori mean and covariance of x using:
where (·) i is the ith row of matrix (·) and
is a scaling parameter. Spread of Sigma Points: The constant in (8) determines the spread of the sigma points. Constant is used to incorporate part of the prior knowledge of the distribution of x (for Gaussian distributions, =2 is optimal).
The UKF is a straightforward extension of the UT approach to the recursive estimation. Consider the general discrete nonlinear system:
where n k R x is the state vector,
is the output vector at time k. w k and v k are, respectively, the disturbance and sensor noise vector, which are assumed to Gaussian white noise with zero mean. The UKF for state estimation is given as follows. 
Sigma Points Calculation and Time Update
where Q w and Q v are the disturbance and sensor noise respectively, and 
B. Joint Estimation for Mobile Robots
In this section, the UKF-based estimation is utilized for the modeling of robot dynamics by means of joint estimation, which estimates the parameters of a nonlinear system in the same way as estimating the state. For the active modeling of actuator failures, the AEFs are the parameters which need to be estimated by UKF.
Extended from (9), the dynamics with AEFs can be written as:
( 13) where b k is the vector of AEFs. Since the dynamics of b k is unknown, it is assumed as a non-correlated random drift vector, and w bk is the Gaussian white noise with zero mean.
In UKF-based joint estimation, an augmented vector is defined as a combination of state and parameter to be estimated, i.e.,
, then (13) can be rewritten as:
The UKF-based state estimation introduced in Section A can then be applied to this augment equation. It should be pointed out that even in linear system the state and parameter joint estimation might be nonlinear.
IV. ACTIVE MODEL-BASED INVERSE DYNAMIC FAULT-TOLERANT CONTROL
A. Classical IDC for Robot
The classical IDC of (1) includes two parts: inner-loop control and outer-loop control (see Fig.2 ). The inner-loop control is used to overcome the nonlinear cross couplings, and the outer part enables accurate tracking.
Designing the inner-loop control law as:
where M and ĥ are the estimations of M and h respectively; and further designing the outer-loop control law as a classic PD control: are the uncertainties due to model residual. It can be proved that the closed loop system of (17) is stable if , are bounded [10] .
However, besides stability, accurate tracking performance is also required by real robot system, i.e. 0 e is desired. This requests that the closed-loop control must satisfy
can be guaranteed. But it is well known that the condition of (18) will be no longer be maintained if there exist actuator failures. In the next section, an active model is proposed to guarantee the system's performance even in the presence of failures.
B. Active Model Enhanced IDC
The structure of the enhanced IDC is shown in Fig.2 . The outputs of UKF-based estimation introduced in section 3 are fed to both the inner and outer loops. For the outer loop, the 'noise-free' states after UKF are provided to the classic PD control; while for the inner loop, the AEFs estimated by UKF are given to the inverse dynamic model to make it adaptively tracking the variation of the actuator failures of the system.
V. SIMULATIONS
A. Model for Simulations
The simulations are carried out with respect to the dynamics of the 3-DOF omni-directional mobile robot developed in SIA (shown in Fig.3 ). Equation (20) is its dynamics [11] . The state and the measurement vector are respectively selected as:
And then (20) can be rewritten in a nonlinear state-space form by the definition of (22).
The UKF related constants are designed as: =0.1, =2. In the simulations, the state initial covariance is set as P x0 =diag{0. 
B. Simulation Results and Performance Evaluation
The UKF-based joint estimation of both state and AEFs, as well as the active model enhanced inverse dynamic fault-tolerant control, are tested.
To evaluate the performance of the control scheme of Fig.2 , the fault scenario of abrupt reduction in all the actuators is assumed: In both (24) and (25), the initial velocity is v 0 =0m/s, the acceleration is assumed to be constant of a s =0.1m/s 2 , the constant velocity is v s =0.1m/s, the amplitude is A v =0.1m/s, and the angular frequency is v =2 /30rad/s.
The AEFs' variation is assumed to be totally unknown to the estimator, so the noise-driven UKF like (13) is used for its estimation. Fig.4 The UKF-based estimation of AEF with step-changed variation in all of the 3 actuators
The estimated AEFs and also their actual values are shown in Fig.4 , where the AEFs are represented by percentage. It can see that the UKF gives quite satisfactory results. When the AEFs changing, the UKF reacts quickly and tracks the rapid changes successfully. Fig.5 illustrates the velocity outputs while actuator failures occurring, with respect to the IDC with and without active-model-enhancement. Fig.5a shows the case of nearly step-changed velocity tracking (the desired velocity is of Eq.24) and Fig.5b is the one of sine-changed velocity tracking of Eq.25. We can see that, the tracking errors of normal IDC (without the failure model) are much more significant than those by the IDC enhanced by active failure model. This is due to the fact that the reference model of classic IDC is totally unconscious to the occurrence of failures. As for enhanced IDC, the tracking error due to the failures is quickly overcome by the active parameter updates involved in the reference model, and the tracking performance is almost the same after a short period (~ 3 seconds) of adaptation.
VI. CONCLUSION
The UKF-based joint estimation is used for online modeling both the motion state and actuator failure of a mobile robot. The active model is further incorporated into the classic inverse dynamics control with respect to both inner and outer loops. Simulations on the dynamics of omni-directional mobile robot explicitly demonstrate the performance of UKF in online tracking the step-changed failures occurring simultaneously with respect to all of the three actuators of the robot. The IDC enhanced by active AEF model shows clear improvement in velocity tracking performance when being compared with the normal IDC based on fixed dynamics. a) Near-step-changed velocity tracking 
